[1] This paper examines the effect of uncertain initial soil moisture on hydrologic response at the plot scale (1 m 2 ) and the catchment scale (3.6 km 2 ) in the presence of threshold transitions between matrix and preferential flow. We adopt the concepts of microstates and macrostates from statistical mechanics. The microstates are the detailed patterns of initial soil moisture that are inherently unknown, while the macrostates are specified by the statistical distributions of initial soil moisture that can be derived from the measurements typically available in field experiments. We use a physically based model and ensure that it closely represents the processes in the Weiherbach catchment, Germany. We then use the model to generate hydrologic response to hypothetical irrigation events and rainfall events for multiple realizations of initial soil moisture microstates that are all consistent with the same macrostate. As the measures of uncertainty at the plot scale we use the coefficient of variation and the scaled range of simulated vertical bromide transport distances between realizations. At the catchment scale we use similar statistics derived from simulated flood peak discharges. The simulations indicate that at both scales the predictability depends on the average initial soil moisture state and is at a minimum around the soil moisture value where the transition from matrix to macropore flow occurs. The predictability increases with rainfall intensity. The predictability increases with scale with maximum absolute errors of 90 and 32% at the plot scale and the catchment scale, respectively. It is argued that even if we assume perfect knowledge on the processes, the level of detail with which one can measure the initial conditions along with the nonlinearity of the system will set limits to the repeatability of experiments and limits to the predictability of models at the plot and catchment scales.
Introduction
[2] Understanding and modeling hydrologic system response at different scales is hampered by an often poor reproducibility of plot-scale and catchment-scale experiments. The same set of measured parameters, state variables and boundary conditions can often be associated with markedly different system responses. Lischeid et al. [2000] , for example, observed tracer velocities between 30.6 and 10.6 m d À1 during three identical steady state field-scale breakthrough experiments at the Gårdsjön test catchment. The differences could not be related to any measurable difference in the experimental conditions. Investigating field-scale tracer transport, Lennartz et al. [1999] showed that for their highly macroporous soil it was not possible to predict whether preferential flow will occur or not, even though they had obtained very detailed measurements of soil parameters and the moisture state. When one moves up to larger scales the same problem prevails. As lucidly discussed by Beven [2000] , no matter what is the sophistication of a physically based model there will always be a large degree of uncertainty in the predictions which will be difficult to account for. This uncertainty limits the predictability of hydrologic response.
[3] There have been a number of alternative explanations for the sources of this uncertainty in the hydrologic literature over the years. These include parameter uncertainty [Wood, 1976] , uncertainty in the model structure [Beven, 1989] , and uncertainty in the input data and initial conditions [Grayson and Blöschl, 2000] . A recent workshop report on challenges in hydrologic predictability noted [National Research Council (NRC), 2003, p. 17] ''in watershed rainfall-runoff transformation. . .initial and boundary conditions are the critical issues.'' This variable assessment raises an interesting question of whether the detailed measurements typically available in research catchments would constrain the system state enough to give unique predictions of hydrologic response, assuming perfect knowledge on the nature of the processes (as represented by the structure and parameters of a model). Clearly, this will depend on the level of detail of the field measurements but, no matter how detailed the measurements are, there will always be points in space where we do not have measurements, so there will always be a smaller-scale component of hydrologic variability that will not be captured by the data. This small-scale component may or may not become important in controlling hydrologic response. This is the uncertainty this paper examines with a focus on initial conditions.
[4] The degree to which field measurement constrain the catchment state in terms of producing a unique response will also depend on the degree and type of nonlinearity of the underlying processes. Certain types of nonlinearity lead to chaotic behavior of the system which amplifies uncertainties and limits predictability significantly [Gleick, 1993; Sivakumar, 2000] . In this paper we examine threshold behavior which is one particular form of process nonlinearity. There are a number of threshold processes in hydrology where the system switches between different ''dynamic regimes.'' An obvious example of two different regimes is wet and dry periods of rainfall. Similarly, evaporation may be subject to different regimes, either controlled by atmospheric demand or by soil hydraulic properties [Dooge, 1986] . Snowmelt and freezing are typical threshold processes. Another example is surface runoff generation which is often conceptualized as a threshold process. If rainfall intensity exceeds infiltration capacity surface runoff will occur or, alternatively, if soil saturation is reached, surface runoff will also occur. Grayson et al. [1997] observed two regimes of catchment behavior, one being the wet state which is dominated by lateral water movement through both surface and subsurface paths, and the other being the dry state which is dominated by vertical fluxes that are controlled by soil properties and local terrain characteristics. Another important example of a threshold process is the switch between well mixed matrix flow and preferential flow paths in the subsurface [Flury et al., 1994] .
[5] While numerous studies have identified the presence of threshold transitions in hydrology, both in the context of preferential flow and other processes, the degree of uncertainty in the system output imparted by the threshold behavior, to our knowledge, has not been dealt with in the literature before. Furthermore, there is an important scale issue involved, both in the level of detail field observations can capture small-scale variability and in the representation of threshold processes. When one moves up in scale one would expect the nonlinear behavior to ''average out'' and the processes to behave more linearly as suggested by the central limit theorem [Sivapalan and Wood, 1986] . The small-scale variability not captured by the data may hence introduce less uncertainty than at smaller scales. However, if nonrandom, structured patterns in the media characteristics and/or the soil moisture state exist, only part of this nonlinearity may average out, if at all [Blö schl and Sivapalan, 1995] . Whether the uncertainty due to nonlinearity decreases with scale, or not, so far is not clear.
[6] The aim of this paper therefore is to examine two questions: First, what is the predictability of a hydrologic response by a model constrained by typically available field data of the catchment state, assuming perfect knowledge on the nature of the processes? Second, what are the factors that control the predictability, and does it change when moving from the plot scale to the catchment scale? We will illustrate these more general issues for the case of infiltration where processes may switch between matrix and preferential flow, and catchment runoff where processes may switch between runoff generation processes. We will focus on the role of antecedent soil moisture. The analysis in this paper is based on Monte Carlo simulations (compare section 5) using a physically based hydrologic model (compare section 4.1). Unlike most of the previous studies that were based on hypothetical scenarios [e.g., Russo et al., 1994; Tsang et al., 1996] , the simulations in this paper are based on very detailed field data. These are used (1) to ensure that the model closely portrays real system response both at the plot and catchment scales (compare sections 4.2.3 and 4.3.3) and (2) to define the soil moisture variability in a realistic way (compare sections 4.2.2 and 4.3.2). The paper is organized as follows. We first discuss the notion of microstates and macrostates. We next summarize the experimental setup, and give a brief outline of the CATFLOW model which is used both at the plot and the catchment scales. We then describe the methods of generating uncertain initial soil moisture states and the spatial distribution of soil properties, and demonstrate that the model works well at both scales. In the next sections we present the results of the Monte Carlo study that focuses on infiltration at the plot scale (section 5.1) and runoff generation at the catchment (section 5.2) scale and discuss our findings in the light of the recent literature.
Microstates and Macrostates and Hydrologic Predictability
[7] This paper deals with the inherent uncertainty of observed initial conditions and the propagation of this uncertainty to hydrologic response in a nonlinear system. At the catchment scale it is not possible to fully measure the initial conditions of the soil. If we go down in scale, to the plot scale, we are able to collect more detailed data but no matter what the spatial resolution of the measurements is, there will always be some fine-scale detail not captured by the measurements. This fine-scale detail may or may not matter for making hydrologic predictions at the plot and catchment scales. In hydrology very little attention has been devoted to this issue in the past. There has been some work on the level of detail necessary to represent the important features of runoff response prompted by the representative area (REA) concept of Wood et al. [1988] . The idea of this research was that, at a certain scale, the small-scale hydrologic variability may average out and this is a convenient scale for a model element size, as the model equations are likely to be less scale dependent than for other element sizes. showed that, while this is a useful and thought provoking concept, it may not be possible to find a single value of an REA as the scale at which processes average out very much depends on the type of process. This type of scale research, however, did not address the issue of predictability. To address this question, in this paper we adopt concepts from statistical mechanics [Boltzmann, 1995; Landau and Lifshitz, 1999] .
[8] In statistical mechanics there is a similar problem of uncertain initial conditions as in hydrology. According to Tolman [1979, p. 1] , ''The principles of ordinary mechanics may be regarded as allowing us to make precise predictions as to the future state of a mechanical system from a precise knowledge of its initial state. On the other hand, the principles of statistical mechanics are to be regarded as permitting us to make reasonable predictions as to the future condition of a system, which may be expected to hold on the average, starting from an incomplete knowledge of its initial state.'' The knowledge of the initial state of soil moisture is certainly incomplete in the case of catchment hydrology. Following the concepts of statistical mechanics, let us consider the kinetic energy of a mol of a gas. The gas can be described in greatest detail by specifying its microscopic state, or microstate, at any time, i.e., the exact values of the kinetic energy of each of the 10 23 individual molecules. However, it is impossible to measure this microscopic state and we may not be interested in the full detail on the behavior of each and every molecule either. Instead, it may be possible to measure the macroscopic state or macrostate of the gas represented by average quantities or distributions. One such macroscopic quantity is the gas temperature which is a measure of the average kinetic energy of the gas molecules. It is impossible to measure the microstate but it is possible to measure the macrostate. The macrostate characterizes the microscopic reality in a statistical and therefore uncertain sense. A set of numerous possible microstates is consistent with the same macrostate. This is often referred to as a ''degradation'' of the measurable macrostate into a set of possible microstates.
[9] In this paper we use the concepts of microstates and macrostates for specifying initial soil moisture both at the plot and catchment scales. The microstates are the detailed patterns of soil moisture while the macrostates are specified by the statistical distributions of soil moisture obtained from measurements as typically available in detailed research catchment studies. At the plot scale we define the microstate of a soil as the detailed two-dimensional (vertical) pattern of soil moisture over a profile of about 1 Â 1 m 2 . The microstate is not observable but we can measure soil moisture at individual points from which we can infer the distribution function of soil moisture. We measured soil moisture at two 4 m 2 plots at 25 points each by time domain reflectometry (TDR). We then specified the macrostate of soil moisture by the first two moments of the spatial distribution derived from these point measurements (Table 1) . At the catchment scale we define the microstate of the soil as the detailed two-dimensional (horizontal) pattern of soil moisture over a 3.6 km 2 catchment. Again, the microstate is not observable but we can measure soil moisture at individual points from which we can infer the distribution function of soil moisture. We measured soil moisture at 61 points within the catchment, again using TDR. We specified the macrostate of soil moisture by the first two moments of the spatial distribution and the spatial correlation or variogram (derived from the point measurements), and by the values of soil moisture at each of the 61 points (Table 1) . At the catchment scale the description of the macrostate of soil moisture is more detailed than that at the plot scale as, in addition to the univariate moments, the variogram and values at individual points are specified. We argue that this is a typical setup in a research catchment. At the plot scale, disturbances of the soil by the measurements are more problematic than at the catchment scale. Because of this, in the plot-scale measurements of this paper, we did not measure soil moisture in profiles but in a horizontal plane on plots adjacent to the irrigation sites. We were therefore not in the position to derive a vertical variogram, nor were we in the position to use the individual point measurements at their exact locations for specifying the macrostate of soil moisture at the plot scale.
[10] We then perform Monte Carlo simulations of infiltration events at the plot scale (compare section 5.1) and Monte Carlo simulations of runoff events at the catchment scale (compare section 5.2). At both scales we generate multiple realizations of soil moisture patterns, each pattern representing one possible microstate (compare sections 4.2.2 and 4.3.2). All the realizations (or microstates) are consistent with the macrostate of soil moisture derived from the field measurements. In other words we assume that the macrostate is known while the microstate is unknown. The lack of knowledge on the microstate of soil moisture introduces uncertainty into the system. We analyze this uncertainty by using the soil moisture microstates as the initial conditions of a physically based hydrologic model in the Monte Carlo simulations at both scales. The variability in infiltration (at the plot scale) and flood runoff (at the catchment scale) between the realizations is then used as a measure of the uncertainty in hydrologic response introduced by uncertain initial soil moisture (compare sections 5.1 and 5.2). These multiple realizations can be interpreted as multiple hypothetical experiments. If, for a given rainfall forcing, we measured soil moisture and hydrologic response many times, the relationship between the two most likely will not be unique, as the uncertainty in initial soil moisture limits the predictability of hydrologic response. The limits of predictability of hydrologic response may hence be interpreted as the limits to the reproducibility of hydrologic experiments. This is what is quantified in the simulations in this paper.
[11] In the analyses of this paper we examine a single source of uncertainty, i.e., initial soil moisture and assume that the effects of other sources such as model structure, model parameters and inputs are small. It is clear that the other sources will degrade the predictability beyond the results of this paper. We also assume that the local measurement error of soil moisture is not large as compared to the uncertainty of the microstate. At the plot scale the measurement error was 0.01 as compared to a spatial variance of 0.02 m 3 m À3 . At the catchment scale the measurement error was 0.01 as compared to a small-scale variance not captured by the measurement of 0.2 m 3 m
À3
. At both scales the measurement error was accounted for in [13] More than 95% of the total catchment area are used for cultivation of agricultural crops or pasture, 4% are forested and 1% is paved area. Crop rotation is usually ounce a year. Typical main crops are barely or winter barely, corn, sunflowers, turnips, and peas, typical intermediate crops are mustard or clover. Plowing is usually to a depth of 30 to 35 cm in early spring or early fall, depending on the cultivated crop. A few locations in the valley floor are tile drained in a depth of approximately 1 m. However, the total portion of tile drained area is less than 0.5% of the total catchment.
[14] Most of the Weiherbach hillslopes exhibit a typical Loess catena with the moist but drained Colluvisols located at the hill foot and dryer Calcaric Regosols located at the top and mid slope sector. Preferential pathways in the Weiherbach soils are very apparent. They are mainly a result of earthworm burrows and their spatial pattern is closely related to the typical hillslope soil catena. The preferential pathways, or macropores, enhance infiltration and decrease storm runoff as storm runoff only consists of surface runoff in this type of landscape. The detailed field observations [Zehe et al., 2001] in the Weiherbach catchment indicated that storm runoff is produced by infiltration excess overland flow. Because of the small portion of tile rained areas, runoff from tile drains is of minor importance for catchment-scale runoff response. Any water that infiltrates into the soil percolates into the deep loess layer. A bromide tracer experiment conducted over 2 years on an entire hillslope in the catchment suggested that there is very little lateral flow in the soils. There is an aquifer at the base of the loess layer. The tracer experiments also indicated that the travel time for the infiltrating water to reach the aquifer is likely more than 10 years. As a result of these mechanisms, event runoff coefficients are small. The runoff coefficient for the largest event on record was 0.13. 3.2. Plot-Scale Experiments and Macrostates 3.2.1. Outline of Experimental Procedure
[15] A series of 10 plot-scale tracer experiments was conducted in summer 1996 [Zehe and Flühler, 2001b] ; the location of the field site is shown in Figure 1 . All experiments were carried out under similar conditions in terms of irrigation rate and amount, tracer concentration and extraction of soil samples. 1.4 Â 1.4 m plots were irrigated over 2 hours using 25 mm of a tracer mix consisting of Brilliant Blue to stain flow patterns and bromide (Br À ) as a conservative tracer. Two vertical soil profiles were excavated one day after the start of the irrigation. 10 Â 10 Â 10 cm 3 soil samples were extracted from each stained cell of the sampling grid and 10 cm below the leading edge of the dye pattern and analyzed for their bromide content. Some sites showed evidence of strongly preferential flow while others showed evidence of matrix flow. The dye flow patterns of a site exhibiting strongly preferential flow (site 10) is shown in Figure 2 as an example. Site 10 is located close to the Weiherbach creek in a highly macroporous Colluvisol (Figure 1 ). To characterize the flow regime of preferential versus matrix flow we computed for each 10 Â 10 Â 100 cm 3 column the distance of the bromide center of mass from the ground surface, z c . For each site we then calculated the average depth z c of the z c of all columns of the two profiles as well as their standard deviation s c . Figure 3 shows s c plotted against z c for each site as well as a typical tracer pattern from each group. Visual inspection of the bromide tracer and simultaneous dye patterns showed that on the basis of this diagram the tracer patterns can be classified into groups of similar behavior. Group 1 (squares in Figure 3 ) consists of matrix flow patterns, group 2 (circles in Figure 3 ) consists of preferential flow patterns and group 3 (diamonds in Figure 3 ) consists of strongly preferential flow patterns. As can be seen from Figure 3 , matrix flow dominated tracer patterns are associated with much smaller values of z c and s c than the preferential flow patterns. These statistical parameters appear to be a good measure of the presence or absence of preferential flow and will therefore be used to characterize simulated flow patterns on the plot scale in this paper. In the following, the parameters z c and s c will be referred to as the average and the variation of the bromide transport distance, respectively.
Measurement of Soil Moisture Macrostate and Soil Properties
[16] In order to determine the hydraulic properties of the soil matrix and the local macropore system as well as to measure initial soil moisture in a representative way, we conducted additional measurements on 4 separate plots of 4 m 2 size each that were located close to the irrigation site 10. At two of them the initial soil moisture was measured in a horizontal plane in the upper 15 cm of the soil using TDR probes at 25 points. The measurements were taken at the same time as the irrigation experiment was performed on site 10. Each point measurement was repeated 5 times. The average and the spatial standard deviation of soil moisture at the two plots were 0.271 ± 0.02 m 3 m À3 and 0.2695 ± 0.02 m 3 m
À3
, respectively. Using the 5 repetitions at each point the measurement error was estimated as 0.01 m 3 m
. As the average and the standard deviation of the soil moisture at the two plots match within the measurement error, we can assume that they are representative of the macrostate of the initial soil moisture pattern at the irrigation plot in the above specified sense.
[17] At the two other plots (termed plots 1 and 2) the macropore system was mapped in detail. Each plot was subdivided into 0.5 m 2 raster elements. For each element, macropores that were connected to the soil surface were counted and their depth and diameter were measured using a vernier caliper and a wire. Table 2 gives the results of the macropore mapping at the two plots, i.e., the number of macropores per unit area, subdivided into four diameter classes, and their average length. Note that the averages and standard deviations in Table 2 were each obtained from 8 measurements, as each plot consisted of 8 raster elements. As the number and lengths of the macropores at the two plots match, again, within their standard deviations, we can safely assume that the macropore system at the irrigation plot can be statistically characterized by these values. In a next step, macroporous and non macroporous soil samples Figure 2 . Dye flow patterns observed 1 day after irrigation in two vertical soil profiles at site 10 (see Figure 1 ). The 10 Â 10 cm sampling grid for bromide samples is shown. were extracted from two depths (0.2 and 0.4 m) at plots 1 and 2 to measure their hydraulic properties in the laboratory. The first two moments of the saturated hydraulic conductivity and the porosity are given in Table 3 . The averages and standard deviations in Table 3 were each obtained from 25 samples. Again, there is a good agreement between the corresponding moments at the two plots. Hence we assume that the hydraulic properties of the irrigation plot may be characterized by these moments.
Catchment-Scale Experiments and Macrostates 3.3.1. Outline of Measurement Network
[18] Figure 1 gives an overview of the observational network in the Weiherbach catchment. Rainfall input was measured at three rain gages and streamflow was monitored at two stream gages, all at a temporal resolution of 6 minutes. The gauged catchment areas are 0.32 and 3.6 km 2 . For the catchment-scale simulations of rainfallrunoff events we focus on two mayor flood events (June 1994 and August 1995) at the lower gage only (see Table 4 ). Soil moisture was measured at up to 61 locations at weekly intervals using two-rod TDR equipment that integrates over the upper 15 cm of the soil. As the total area is 3.6 km 2 , a number of 61 measurement points translates into an average spacing of 250 m [Western and Blöschl, 1999] . The soil hydraulic properties of typical Weiherbach soils were measured in the laboratory using undisturbed soil samples along transects at several hillslopes, up to 200 samples per slope (Table 5) [Schäfer, 1999] . A soil map was compiled from texture information that was available on a regular grid of 50 m spacing. The macropore system was mapped at 15 sites in the catchment in a similar way as described above for the plot-scale sites. The topography was represented by a digital elevation model of 12.5 m grid spacing. Further details on the measurement program are given by Zehe et al. [2001] .
Measurement of Soil Moisture Macrostate and Soil Properties
[19] The macrostate of the initial soil moisture pattern for both rainfall events was characterized by the spatial average, variance and the variogram computed from the 61 point observations, as well as by the point observations to condition the spatial soil moisture distribution to the local observations. The estimated variogram parameters are given in Table 6 . For both events, the nugget of the variogram is about 50% of the total soil moisture variance which means that there exists significant small scale variability that is not captured by the point observations [see, e.g., Western et al., 2002] . The nugget is a measure of the information of the microstate that is not retained in the macrostate.
[20] As expected, the catchment-scale pattern of soil types turned out to be highly organized. The soil catena at a typical hillslope is Calcaric Regosol in the top and mid slope sector and Colluvisol in the valleys. The spatial patterns of the macropore characteristics observed in the Weiherbach catchment are closely related to the soil catena. The macroporosities tend to be small in the dry Calcaric Regosols located at the top and mid slope, and larger in the moist and drained Colluvisols located at the hill foot [Zehe and Flühler, 2001b] . The observations at the 15 sites were used to choose a deterministic pattern of macroporosity for the catchment-scale simulations (see section 4.3.1). The number of worm burrows connected to the soil surface turned out to vary throughout the year. The macropore system in the plow horizon is partly destroyed by plowing in spring and rebuilt by the earthworms in summer and early fall. Therefore the number of macropores connected to the soil surface appears to peak in late summer or early fall.
Model and Model Setup

Model Outline
[21] Monte Carlo simulations were performed using a physically based model known as CATFLOW [Maurer, 1997; Zehe et al., 2001] . The model subdivides a catchment into a number of hillslopes and a drainage network. Each hillslope is discretized along the main slope line into a twodimensional vertical grid using curvilinear orthogonal coordinates. Each model element, as defined by the grid, extends over the width of the hillslope. The widths of the elements vary from the top to the foot of the hillslope. For each hillslope, the model simulates the soil water dynamics and solute transport based on the Richards equation in the mixed form as well as a transport equation of the convection diffusion type. The equations are numerically solved using an implicit mass conservative ''Picard iteration'' [Celia and Bouloutas, 1990] and a random walk (particle tracking) scheme. The simulation time step is dynamically adjusted to achieve an optimal change of the simulated soil moisture per time step which assures fast convergence of the Picard iteration. The hillslope module can simulate infiltration excess runoff, saturation excess runoff, lateral water flow in the subsurface and return flow. However, in the Weiherbach catchment only infiltration excess runoff contributes to storm runoff and lateral flow does not play a role at the event scale. What is important is the redistribution of near surface soil moisture in controlling infiltration and surface runoff. As the portion the portion of the tile drained area in the catchment is smaller than 0.5%, we did not account for tile drains in the simulation. Surface runoff is then routed on the hillslopes, fed into the channel network and routed to the catchment outlet based on the convection diffusion approximation to the one-dimensional Saint-Venant equation.
[22] For simulations of plot-scale flow and transport we used the hillslope module of CATFLOW and conceptualized the soil block as a horizontal hillslope. At the plot scale we are interested in simulating flow and transport in the near field when the transport distance is smaller than the characteristic heterogeneity of the soil. In this early stage of transport, a dispersion coefficient is not well defined [Matheron and de Marsily, 1980] and the tracer pattern is dominated by the variability of the flow field related to the main soil heterogeneity [Roth and Hammel, 1996] . We therefore do not account for a separate dispersion coefficient in the transport equation. Subscale diffusive mixing is only represented by the molecular diffusion coefficient of the solute of interest. At the catchment scale only flow simulations have been performed, so no dispersion coefficient is needed.
[23] As preferential flow and transport are important in the Weiherbach catchment, their representation is described in some detail below. Preferential flow and transport are represented by a simplified, effective approach similar to the 1-D approach of Zurmühl and Durner [1996] . However, while Zurmühl and Durner [1996] used a bimodal function to account for high unsaturated conductivities at high water saturation values, we use a threshold value S 0 for the relative saturation S, instead. If S at a macroporous grid point at the soil surface exceeds this threshold, the bulk hydraulic conductivity, k B , at this point is assumed to increase linearly as follows:
where k s is the saturated hydraulic conductivity of the soil matrix, q s and q r are saturated and residual soil moisture, respectively, and q is the soil moisture. The macroporosity factor, f m , is defined as the ratio of the water flow rate in the macropores, Q m , in a model element of area A and the saturated water flow rate in the soil matrix. It is therefore a characteristic soil property reflecting the maximum influence of active preferential pathways on the soil water movement:
where Q matrix and Q m are the water flow rates in the matrix and the macropores, respectively. At the plot scale, macropores of different sizes were generated, macropore flow rates were assigned to each macropore and then equation (2) was used to calculate f m (see section 4.2.1). At the catchment scale, f m was directly chosen as different values on the top and the foot of each hillslope, guided by macropore volume measurements (see section 4.3.1).
[24] In all scenarios we chose the threshold S 0 equal to 0.8, which corresponds to a soil moisture value of 0.32 in the Colluvisol (see Table 5 for values of q s and q r ). This is a plausible value as it is on the order of the field capacity for the soils in the Weiherbach catchment. It is likely that for relative saturation values above this threshold, free gravity water is present in the coarse pores of the soil, and this free water may percolate into macropores and start preferential flow. This plausible value of S 0 was corroborated by simulations at a number of space-time scales in the Weiherbach catchment: Plot-scale bromide transport was simu- [Zehe et al., 2001] . Furthermore, the model performed well in a continuous simulation of the hydrologic cycle of the Weiherbach catchment over a period of 1.5 years [Zehe et al., 2001] . We therefore believe that this threshold approach is suitable for the conditions in the Weiherbach catchment.
[25] Below we describe the model setup. At both scales, the model setup consists of the generation of the media and the generation of initial soil moisture. For the generation of the media we used a single realization only to define the small-scale detail. This is because the focus of this paper is on the uncertainty imposed by the initial conditions rather than on the uncertainty imposed by the model parameters. For the generation of initial soil moisture we generated an ensemble of realizations. Each realization represents one possible microstate that is consistent with the observed macrostate.
Plot-Scale Model Setup 4.2.1. Plot-Scale Media Generation
[26] CATFLOW is a two dimensional model and was used to simulate the tracer movement in the two dimensional (vertical) soil profile. To account for lateral heterogeneity we represented the 1 Â 1 Â 1.2 m 3 soil block by 10 two-dimensional cross sections (slabs) of 0.1 m thickness. Each of these two dimensional cross sections was represented by a finite difference grid of 0.05 Â 0.05 m 2 cell size. The size of each surface element hence is 0.05 Â 0.1 m 2 . In the simulations, each of the slabs was irrigated with a hypothetical tracer solution. All the ten tracer patterns simulated by the model where then used to analyze infiltration response. The following boundary conditions were chosen: free drainage at the bottom, atmospheric pressure at the upper boundary, no flux boundary on the faces of the slabs.
[27] We put a lot of emphasis on generating a macroporous medium with a realistic structure as observed in the field. As pointed out by Webb and Anderson [1996] and Western et al. [2001] , the generation of a macroporous medium based on purely random space functions will not capture the connectivity of preferential pathways. At our field site, preferential pathways were mainly vertical earthworm burrows of cylindrical cross sections, i.e., there was perfect connectivity in the vertical and almost no connectivity in the lateral directions. To capture these features we used a simple statistical approach for generating a system of earthworm burrows. The pattern of the macroporosity factor f m in the model domain was determined by first statistically generating a macropore pattern in the model soil for each slab using the observed number of macropores, for each radius class (see Table 2 ). The fraction of the plot that was allowed to be covered by the total cross-sectional area of N r macropores in each radius class was taken as the probability of occurrence of a macropore in this class p r (equation (3) and Table 7 ). We assumed that the locations of the macropores at the soil surface are laterally uncorrelated but possess a perfect correlation in the vertical direction. Each surface element of a slab (0.05 Â 0.1 m 2 in size) was subdivided into pixels of pr m 2 in size, where r m is the average radius of a macropore in a radius class, i.e., 1.5, 2.5, 3.5 and 4.5 mm. By generating a uniformly distributed random number x 2 [0, 1] the existence of a macropore of radius r m was simulated for each pixel as follows:
If a pixel contained a macropore, the macropore length was simulated by generating a normally distributed random number using the average and the standard deviations of the length of a macropore in a class (Table 7) . After the generation of the macropore pattern the maximum possible water flow rate summed over all macropores beneath a surface element was computed as a function of depth. To this end we assumed the experimentally determined saturated water flow rate Q m (r m ) in a macropore of a given radius (Table 7) to be a characteristic constant, multiplied the number of macropores of a given radius by the corresponding Q m (r m ) value and summed these values over all radii. The pattern of the macroporosity factor, f m , was then computed using equation (2). In our model, the Probability (p r ) of occurrence of a macropore of radius r m , average l r and standard deviation of the macropore length, determined on the basis of the measurements given in Table 3 . The saturated water flow rates Q m in a macropore of radius r m were measured using macroporous soil samples [Zehe and Flühler, 2001a] .
effective macropore system does not contribute to soil water movement for relative saturation values below S 0 . If this threshold saturation at the soil surface is exceeded, the conductivity of the macroporous regions is increased (equation (1)) until it reaches a maximum value. For setting the matric hydraulic conductivity values the soil block was assumed to consist of two uniform horizons. From 0 to 30 cm depths and from 30 to 120 cm depths the matric hydraulic conductivities from Table 3 at 20 and 40 cm depths, respectively, were used, as the soil type did not vary at that scale.
Plot-Scale Generation of Initial Soil Moisture Microstates
[28] To account for the uncertainty of initial soil moisture we generated realizations of the field of initial soil moisture for each of the ten slabs using the turning band method [Brooker, 1985] assuming the initial soil moisture is normally distributed. All realizations had the same mean and variance as the observations (0.27 and 0.02 m 3 m À3 , respectively, see section 3.2.2). We chose a spherical variogram function and set the sill and the nugget of the variogram equal to the variance and the measurement error of the observed initial soil moisture, respectively. We distinguished two cases of statistical anisotropy. In the first case, the principal direction of anisotropy is horizontal. This represents a case where the field of initial soil moisture is dominated by the horizontal layering of the soil, so the range in horizontal direction was assumed as a h = 1 m, which is equal to the width of the cross sections. The range in vertical direction was assumed as a v = 0.15 m, which is equal to the length of the TDR rods. In the second case, the principal direction of anisotropy is vertical. This represents a case where the distribution of the initial soil moisture is dominated by vertical structures, e.g., as it may occur after a preferential flow event. The range in vertical direction was assumed as a v = 0.55 m, reflecting the observed average depth of the macropores. The range in horizontal direction was assumed as a h = 0.16 m, which is half the average distance between two macropores observed at the soil surface. The two cases will be referred to as horizontally and vertically structured. As the two cases cannot be distinguished using the above presented measurement strategy, they belong to the same observed macrostate. However, they differ in their microstates.
Plot-Scale Model Verification
[29] In order to test our approach of simulating preferential flow we generated macroporous media for sites 5, 6, and 10 in the Weiherbach catchment (see Figure 1) where different types of infiltration patterns were observed. The simulated and observed flow patterns were characterized by the average z c and the variation s c of the vertical bromide transport distances z c in the 5 Â 10 Â 120 cm 3 columns of the simulation soil block, and the average z c and the variation s c of the vertical bromide transport distances z c in the 10 Â 10 Â 100 cm 3 columns of the experiment at each of the three sites. As an example of the simulated bromide infiltration patterns, Figure 4 shows the results for site 10 along with the observations. The preferential structures of the simulations show qualitatively similar characteristics as those of the observed patterns. The statistics of the complete comparison of simulations and observations are given in Table 8 . Table 8 shows that the average and standard deviation of the simulated bromide transport distances are both close to the observed values for all three plots. The results in Table 8 have been obtained by using detailed field data on the soil and macropore properties but without using the tracer measurements. Table 8 hence is a genuine test of the predictive performance of the model without any calibration. We therefore believe that our approach of simulating preferential flow as a threshold process and of generating macroporous media is a realistic representation of the conditions in the Weiherbach catchment.
4.3. Catchment-Scale Model Setup 4.3.1. Catchment-Scale Media Generation
[30] For the catchment-scale simulations, the Weiherbach catchment was subdivided into 169 hillslopes and an associated drainage channel network. The hillslope model elements, typically, are 5 -20 m wide (depending on the position on the hillslope), 10 m long, and the depth of each element varies from 5 cm of the surface elements to 25 cm of the lower elements. The total soil depth represented by the model was 2 m. The Manning roughness coefficients for the hillslopes and the channels were taken from a number of .
irrigation experiments performed in the catchment, as well as from the literature [see Zehe et al., 2001] . For the hillslopes the following boundary conditions were chosen: free drainage at the bottom, mixed boundary conditions at the interface to the stream, atmospheric pressure at the upper boundary, no flux boundary at the watershed boundary. Because of the spatially highly organized hillslope soil catena observed in the Weiherbach catchment, all hillslopes in the model catchment were given the same relative catena with Calcaric Regosol in the upper 80% and Colluvisol in the lower 20% of the hill. The corresponding van Genuchten-Mualem parameters are listed in Table 5 .
[31] The measurements of macroporosity at 15 sites in the Weiherbach catchment suggested high values in the moist Colluvisols at the hill foot and low values at the top and middle slope sectors (section 3.3.2). On the foot of the hillslopes the macropore volumes typically were 1.5 Â 10 À3 m 3 for 1 m 2 sampling area while on the top they typically were 0.6 Â 10 À3 m 3 [Zehe, 1999, Figure 4 .1]. The most parsimonious approach that accounts for this structured variability is a deterministic pattern of the macroporosity factor with scaled values of the macroporosity factor at each hillslope. We chose the macroporosity factor to 0.6f m at the upper 70% of the hillslope, 1.1f m at the mid sector ranging from 70 to 85% of the hillslope, and 1.5f m at the lowest 85 to 100% of the slope length, where f m is the average macroporosity factor of the hillslopes. The depth of the macroporous layer was assumed to be constant throughout the whole catchment and was set to 0.5 m. The only remaining free parameter is the average macroporosity factor f m of the hillslopes. As the number of macropores connected to the soil surface varies throughout the year, the f m value has to be calibrated when we focus on the event scale. Within each model element we assumed that f m represents all the subgrid variability of preferential flow in a lumped way, so we did not include the small-scale variations of bulk hydraulic conductivity due to individual macropores of the plot-scale set up.
Catchment-Scale Generation of Initial Soil Moisture Microstates
[32] To generate the initial soil moisture patterns at the catchment scale we used a combination of two-dimensional turning band simulations (TB) and simple updating (SUK). The TB algorithm [Brooker, 1985] was used to generate unconditional fields with the observed average, variance and range given in Table 6 assuming that soil moisture is normally distributed. To condition the TB generated fields to the soil moisture observations we resampled the field at the measurement locations and computed the differences (i.e., the residuals dq) between observed and generated soil moisture. We interpolated the residuals using SUK and added them to the unconditional field, which produced a conditional field of initial soil moisture that gave exactly the observed soil moisture values at the measurement locations. SUK [Bárdossy et al., 1996 ] is a geostatistical interpolation method that makes use of proxy information that is known at a higher spatial resolution than the variable of interest. It is based on a relationship between the variable of interest and a proxy variable (L) through a conditional mean m L and variance Var L . The soil moisture residual dq at an arbitrary location is estimated as a sum of the Ordinary Kriging estimator and an estimator based on m L plus a zero mean error e L with variance Var L :
Kriging estimator measurements ð Þ
For assisting in the interpolation on the catchment scale we examined two proxy variables. One proxy variable was the topographical index of Beven and Kirkby [1979] , calculated from the digital elevation model at a 12.5 m resolution. The other proxy variable was the residual soil water content. It is defined here as the water content at a suction equal to the permanent wilting point, and is a measure of the amount of fine pores in the soil. It was estimated from the soil map at a 50 m resolution. For the two rainfall events, Table 6 lists the average, variance and range of the observed spatial distribution of measured soil moisture, as well as the coefficient of determination R 2 from a linear regression of soil moisture and the two proxies. The residual water content was the more consistent predictor of soil moisture for the two events although the coefficients of determination are small. We therefore used residual water content as a proxy variable in the interpolation of the soil moisture residuals to condition the TB generated fields. Within each model element we assumed that the soil moisture so estimated is a representative value over the entire element, so we did not include the smallscale variations of soil moisture of the plot-scale set up.
Catchment-Scale Model Calibration and Verification
[33] We calibrated the catchment-scale model by adjusting the macroporosity factor. We estimated the initial soil moisture patterns by interpolating the observations using SUK interpolation in a similar way as equation (4), but q was interpolated rather than dq. For rainfall event 1, which occurred in June 1994, we found an optimum macroporosity factor of f m = 2.1. The simulated hydrographs for f m values ranging from 0 to 3 are shown in Figure 5 (top) along with the calibration result. Zehe et al. [2001] used the same value of f m = 2.1 in long term simulations of the complete hydrologic cycle of the Weiherbach catchment which produced unbiased runoff simulations. The rainfall events 1 (June 1994) and 2 (August 1995) are very similar in terms of their magnitudes, average intensities (Table 4) and initial soil moistures. However, the corresponding event runoff coefficients calculated from the observed hydrographs differ by a factor of almost 2 (Table 4) . Apparently, the infiltration capacity of the soil was higher in August 1995 than it was in June 1994. This difference is likely related to a seasonal variation of the number of macropores (i.e., earthworm burrows) that are connected to the soil surface. This interpretation is consistent with the findings of several authors discussed in a review of Flury [1996, pp. 34-36] on transport of pesticides in the soil. Flury notes that continuous macropores are disrupted by plowing e.g., in spring and reconnected to the soil surface by earthworm activity during summer. For an accurate simulation of event 2 we had to increase the f m value to 3.2 ( Figure 5 , bottom). As we allowed some degree of calibration for both events (Figure 5 ), the comparison cannot be considered a full verification. However, we only adjusted a single parameter (f m ) and the shape of the simulated hydrographs is very close to the observed hydrographs for both events. We therefore believe that the model is a realistic representation of the runoff processes in the Weiherbach catchment with the caveat that f m is difficult to estimate a priori. As the focus of the further simulations was on event 2, we used an average f m value of 3.2.
Monte Carlo Simulation Results
Simulated Plot-Scale Tracer Experiments
[34] For the plot-scale simulation study we generated three media of 1 Â 1 Â 1.2 m 3 in size, one with a macroporosity factor as observed during the field experiment at site 10 (termed plot A), one with a macroporosity factor that was one tenth of the observed value at site 10 (termed plot B), and one without macroporosity (f m = 0) (termed plot C). We varied the average initial soil moisture from 0.14 to 0.38 m 3 m À3 in steps of 0.01 m 3 m À3 to examine its effect on the predictability of hydrologic response. We assumed a standard deviation of 0.02 m 3 m À3 which is the observed value (see section 3.2.2). For each of these cases we generated 40 realizations of soil moisture patterns by the Turning Band method. The irrigation depth and the bromide concentration in all simulations were set to I C = 25.3 mm and C = 0.165 g L
À1
, respectively, which are the same values as in the field experiment. The irrigation was simulated at 2 different average intensities, at 11 mm h À1 which is the same value as in the field experiment and at 2.2 mm h À1 . The irrigation was represented by constant intensity rainfall over 2.3 h and 11.5 h for the two average intensities to keep rainfall depth the same. As all the soil profiles in the field were excavated one day after the onset of irrigation, the simulation time was one day in all cases.
[35] To characterize each simulated tracer pattern we computed the average z c and the standard deviation s c of the vertical bromide transport distances for the simulated pattern, as these parameters have been useful in identifying the presence of preferential flow in the observed patterns (compare Figure 3 and section 3.3) . To characterize the ensemble of simulated tracer patterns, we calculated the coefficient of variation C v and the scaled range n s of the average bromide transport distance z c i within all N trial = 40 trials (i.e., realizations) of a given average initial soil moisture: À3 the simulations produce a completely different behavior. In this range, the uncertainty of the initial state is amplified, leading to a coefficient of variation of up to 0.21 and a scaled range of up to 0.9. Thus, depending on the microstate of the initial soil moisture patterns, either fast or slow transport can establish during the infiltration event, which is reflected by a large variation of the bromide transport distances between the trials. We call this range of average initial soil À3 the infiltration type is stable and repeated trials lead to a low variation of the average bromide transport distance.
[38] To examine the flow regime of the tracer patterns resulting from the repeated trials at 0.14, 0.24 and 0.38 m 3 m À3 average soil moisture in more detail, the average bromide transport distance z c has been plotted against the variation of the bromide transport distance s c in Figure 7 . To interpret the flow regime in Figure 7 , the observations in Figure 3 , the simulated repetition of the tracer experiment leads to matrix flow patterns in 39%, intermediate flow patterns in 38%, preferential flow patterns in 20% and strongly preferential flow patterns in 2% of the trials. Any type of flow pattern seems to be possible with a finite probability, so the observed macrostate of initial soil moisture may not be related to a unique type of flow regime. In the stable ranges, the knowledge of the macrostate of initial soil moisture is sufficient to predict the type of flow pattern. In the unstable range, however, this is not the case.
[39] Table 9 gives the maximum and minimum values of average bromide transport distance z c at the average initial soil moisture value of maximum uncertainty as well as the spatial correlation between the corresponding realization of the initial soil moisture pattern and the bulk hydraulic conductivity k B of the model soil. Table 9 indicates that positive correlations between local saturation and local macropore-related hydraulic conductivity produce large average transport distances, while negative correlations produce much smaller transport distances. The correlation coefficients are only of the order ±0.3, which are weak correlations. This means that at the moisture state where the uncertainties in the microstate translate into the largest uncertainties in hydrologic response, small differences in the hydrologic conditions can lead to drastic differences in hydrologic response. As can be seen from Table 9 , the principal direction of anisotropy of the generated initial soil moisture has only a small influence on the state-dependent uncertainty of the simulated tracer patterns.
Simulations With Reduced Macroporosity
[40] For comparison, we reduced the macroporosity factor to one tenth of the observed value and reran the simulations. Interestingly, this case produced qualitatively very similar results to the previous cases. Uncertain initial conditions, again, produced highly uncertain infiltration patterns in the unstable range of average moisture between about 0.19 and 0.28 m 3 m
À3
. In the stable range, i.e., for values either smaller than 0.19 or larger than 0.28 m 3 m À3 , the type of the simulated infiltration patterns was stable. However, if the macroporosity factor of the model soil is reduced to zero (Figure 6 , bottom) both the coefficient of variation and the scaled range get very small. This means that, no matter what the initial soil moisture pattern is, the resulting infiltration pattern will always look similar. The state-dependent predictability of the simulated plot-scale tracer pattern is therefore a direct consequence of the macroporous heterogeneity and the presence of a threshold process.
Simulated Catchment Response
[41] To quantify the impact of uncertain initial soil moisture on flood response at the catchment scale we . The bromide centers of mass of the flow patterns in the unstable range ( q = 0.24) cover nearly the whole spectrum of infiltration regimes from matrix flow dominated to strongly preferential patterns. The irrigation depth and rate were 25.3 mm and 2.2 mm h À1 , respectively (hypothetical plot B). simulated the runoff response to rainfall event 2 using 20 turning band generated fields of initial soil moisture conditioned to the soil moisture observations prior to event 2. The sill, nugget and range of the generated initial soil moisture patterns were those in Table 6 (event 2). The spatial mean of all of these fields was 0.26 m 3 m À3 consistent with the observed soil moisture at the beginning of this event (Table 4) . We then added constant values ranging from À0.12 to 0.12 m 3 m À3 to each realization in order to obtain fields with average initial soil moisture ranging from 0.14 m 3 m À3 to 0.38 m 3 m À3 in steps of 0.02 m 3 m À3 , similar to the plot-scale analysis. The different realizations of the initial soil moisture pattern represent, again, different possible microstates consistent with the observed macrostate of initial soil moisture. To investigate the influence of rainfall intensity we repeated the Monte Carlo simulations of flood response using a hypothetical rainfall event for which we reduced the intensity to 50% and scaled time to 200%, thus retaining the total rainfall depth. We term this event the reduced event 2.
Monte Carlo Simulations of Event 2
[42] To characterize the ensemble of simulated flood hydrographs, we calculated the coefficient of variation C v and the scaled range n s of the flood peaks Q max within all 20 trials of a given average initial soil moisture in an analogous way to equation ( , however, the uncertainty of the initial state is amplified, leading to a coefficient of variation of up to 0.08 and a scaled range of up to 0.32. Thus, for the same observed macrostate of initial soil moisture the flood peaks can differ remarkably, depending on the microstate.
[43] The shape of the dependence of the coefficient of variation C v and the scaled range n s on the average initial soil moisture in Figure 8 (top) is similar to the corresponding values for the plot scale in Figure 6 (top and middle). The soil moisture associated with the maximum uncertainty is 0.24 m 3 m À3 which is close to a value of 0.22 m 3 m À3 found at the plot scale. However, the scaled range and coefficient of variation computed for Q max are 14 of 21
clearly smaller than the corresponding values computed for the average bromide transport distance z c . In contrast to the plot scale, the effect of uncertain initial soil moisture on the flood peaks increases as the average initial soil moisture approaches very small values. This increase is related to the presence of two soil types in the case of the catchment scale.
As can be seen from Figure 9 , over most of the soil moisture range, the unsaturated hydraulic conductivity of the Calcaric Regosol is larger than that of the Colluvisol. In the dry case, infiltration only occurs through matrix flow which will be different in these two soils. The superposition of different microstates of the initial soil moisture pattern on the soil type related conductivity pattern will therefore produce large differences in infiltration and hence runoff generation.
[44] To further highlight the dependence of the simulated hydrographs on the microstate of initial soil moisture Figure 10 shows the simulated catchment response for average initial soil moisture values of 0.14 m 3 m À3 , 0.24 m 3 m À3 and 0.38 m 3 m
À3
. In the dry case (Figure 10 , top left), the runoff response to the first rainfall burst is remarkably large and there is almost no response to the second burst 2. This counterintuitive result is due to the soil moisture being below the threshold for the initiation of macropore flow, so no macropore flow takes place at the beginning of the event. The matrix initial soil hydraulic conductivity associated with the dry soils is also very low (10 À13 -10 À9 m s
À1
). This conductivity corresponds to a rainfall intensity of less than 0.004 mm h À1 , which is much lower than the average precipitation intensity of 22 mm h À1 (Table 4) , so most of the rainfall becomes runoff at the beginning of the first peak. During the second part of the event, however, the soil wets up and water may infiltrate and not produce runoff. The runoff response in the wet case ( Figure 10 , bottom right) is quite different with moderate response to the first rain burst and large response to the second burst. Because of the high initial relative saturation (S = 0.95 in the Colluvisol and 0.86 in the Calcaric Regosol) the initial hydraulic conductivity of the soil is on the order of 10 À5 m s À1 (including macropore effects). This value corresponds to a rainfall intensity of 36 mm h À1 and exceeds the average rainfall intensity of 22 mm h À1 , so the first flood peak in the wet case is smaller than that in the dry case. The runoff response in the intermediate case (Figure 10 , bottom left) is lower than in the two extreme cases. This is because, Figure 9 . Characteristic unsaturated hydraulic conductivity curves for the Calcaric Regosol (dashed) and the Colluvisol (solid). K is the unsaturated hydraulic conductivity, and q is the soil moisture. in this case, the hydraulic conductivity is large enough for a large part of rainfall to infiltrate, and the soil is dry enough to store water and not produce saturation excess runoff.
[45] The hydrographs for low average initial moisture show some dependence on the microstate of the initial soil moisture patterns, those for the high average initial moisture show almost no dependence (Figure 10 ). In contrast, the simulated hydrographs for the intermediate average initial soil moisture of 0.24 m 3 m À3 exhibit a significant dependence on the soil moisture microstate. The difference between the two enveloping hydrographs is on the order of 1 m 3 s À1 over more than an hour (t = 160 -161 h) which is large as compared to an observed peak of less than 3 m 3 s
. These results are consistent with the peak in sensitivity of n s = 0.32 in Figure 8 .
[46] To better understand the differences in the runoff responses in the dry and wet cases, we computed the saturated area a ss as the total area where the surface grid elements were saturated (i.e., relative saturation S = 1). This corresponds to the upper 5 cm of the soil, so this definition of saturation does not necessarily imply that the entire 2 m soil profile is saturated. The relative saturation S of the upper layer controls whether macropores start to contribute to infiltration or not (equation (1)). Figure 11 (top) shows (7)). Weiherbach catchment, 3.6 km 2 catchment area.
16 of 21 the time series of a ss for the dry and wet cases of Figure 10 . In the dry case, a ss increases less steep and at a later time than in the wet case, but toward the end of the event it remains at a larger value for a longer time. This is because the soils are not as readily drained as in the wet case since the lower layers are drier. We now intend to explain the difference between the two enveloping hydrographs simulated for the intermediate average soil moisture conditions (i.e., thick lines in Figure 10 , bottom left). For the lower and upper enveloping hydrographs the total areas where soil water saturation in the upper 5 cm exceeded a value of 0.9 were computed and denoted as a m l and a m u , respectively. In each case, this is the total area in the catchment where strong preferential flow may take place according to equation (1). We then calculated the difference of these two areas:
This was done for each soil type separately. The results are the Da m curves shown in the Figure 11 (middle). These curves represent the difference in the total area where preferential flow takes place. As expected, the differences are always positive which means that the total area where preferential flow takes place is always larger for the lower flood envelope than for the upper flood envelope. Because of the larger area where preferential flow is initiated, more water can infiltrate. To obtain a quantitative estimate of the difference between the infiltrating water in the two cases we multiplied Da m by the hydraulic conductivity and the corresponding macroporosity factors (see definition in equation (1)).
This was done for each soil type separately. The sum of the resulting DQ m values of the two soils is shown in Figure 11 (bottom). Figure 11 (middle) indicates that the difference of the total infiltrating water is on the order of 1 m 3 s
, which is consistent with the difference of the two enveloping hydrographs in Figure 10 (bottom left). This corroborates our interpretation that the differences in the simulated flood responses stem from the differences in the total areas that exhibit preferential flow in the catchment.
Simulations With Reduced Precipitation Intensity
[47] For the case of reduced precipitation intensities (reduced event 2) Figure 8 (bottom) shows the coefficient of variation C v and the scaled range n s of the flood peaks Q max that result from the uncertainties in the microstate of soil moisture, plotted versus average initial soil moisture. The simulations yield similar result as the corresponding simulations of the original rainfall event 2 (Figure 8, top) but the uncertainty increases. For the intermediate average initial soil moisture range the coefficient of variation and the scaled range give maxima of about 0.15 and 0.42, respectively. In contrast to the original event 2, the dependence on the microstate of the initial soil moisture increases strongly as soil moisture approaches dry conditions and the maximum coefficient of variation and the scaled range for dry soils are 0.25 and 1.1, respectively. It appears that, as the rainfall forcing decreases in intensity, the role of the nonlinearity increases. At the dry end of soil moisture the uncertainty is particularly high. This again, is related to contrasting soil hydraulic characteristics of the two soils in the catchment (see Figure 9 ).
Discussion and Conclusions
State Dependence of Predictability
[48] We have examined the effect of uncertainty in the microstate of initial soil moisture on the predictability of hydrologic response at the plot and catchment scales. The Monte Carlo analyses indicate that considerable uncertainty does exist at both scales, so the predictability is indeed limited by the availability of only a finite number of measurements to specify the macrostates of initial soil moisture. This is consistent with the qualitative assessment of Grayson et al. [1995] and Merz and Bárdossy [1998] and others that different spatial patterns of initial soil moisture can produce vastly different results of runoff response even if the spatial statistical distributions are the same. At the plot scale, the processes may switch between matrix and preferential flow, and at the catchment-scale processes may switch between runoff generation mechanisms and these transitions, under some conditions, cannot be captured by the measurements. The uncertainty in hydrologic response, again depending on the conditions and the variable examined, may range up to a coefficient of variation of 0.4 and a scaled range of the uncertainty of 1 implying a maximum absolute error of 100%.
[49] The simulations indicate that the predictability of the hydrologic response depends on the average initial state of soil moisture. At both the plot and catchment scales there exists an unstable range where the predictability of hydrologic response is poor, and a stable range where the predictability is significantly better. The unstable range ranges from an average soil moisture of about 0.18 to 0.30 m ) and for wet conditions (average initial soil moisture above 0.30 m 3 m À3 ) the predictability is much better, so this is the stable range. Clearly, this state-dependent predictability is related to the presence of threshold processes. If the system is close to the threshold the predictability is poor. The main threshold in the Weiherbach catchment is the transition from matrix to macropore flow. We conceptualized this transition by a threshold value of relative saturation for the initiation of macropore flow which we set to S 0 = 0.8. This value is equivalent to a soil moisture of about 0.32 for the Weiherbach soils. The unstable range is below this threshold and this is because the initiation of macropore flow relevant to hydrologic response occurs during the event when the soil moisture has increased beyond that of the initial conditions. For different event rainfall depths the location of the unstable range will likely change from that in the simulations of this event. Also, in different environments with different soils the threshold value will be different from that in the Weiherbach catchment. It is important to note that storm runoff generation in the Weiherbach is by infiltration excess and there are essentially no subsurface lateral flows. In other catchments, saturation excess and/or subsurface storm flow may be the more important contributions to storm runoff. Although the detailed characteristics will be different there is evidence that saturation excess runoff, for example, operates as a threshold process [e.g., Western and Grayson, 1998 ]. As the type of nonlinear behavior of a threshold process occurs in many environments and in many different processes one would expect this statedependent predictability, albeit at different soil moisture states, to occur more universally.
[50] Representing the macrostate of initial soil moisture by the distribution function rather than by spatial patterns does not account for the small-scale details of the microstate. One of the important pieces of information that is lost is the correlation between local saturation and local macropore-related hydraulic conductivity. At the plot scale, if the soil was prone to switch from matrix to macropore flow, soil moisture microstates that were positively correlated with the bulk hydraulic conductivity yielded fast infiltration and transport associated with preferential flow. This positive correlation of some of the microstates stems from the superposition of the soil moisture microstates on the time invariant pattern of macroporosity. Other microstates exhibited negative correlations and these produced slow infiltration and transport associated with matrix flow (Table 9 ). The correlation becomes important because of the nonlinearity introduced by the threshold process. For a linear system one would expect the effects of the correlations to average out to a large degree. It was not possible to obtain estimates of this correlation from the field data as the soil moisture measurements and the mapping of the macropore system had to be done at separate plots because of the disturbance of the soil by each of these measurements. It is therefore not possible to include them in the description of the macrostate. Experimental findings of Villholth et al. [1998] and Zehe and Flühler [2001b] suggest that high values of initial saturation in macroporous subregions favor the occurrence of macropore flow, so positive correlations probably occur quite frequently. A similar effect occurs at the catchment scale. If the soil is prone to switch from matrix to macropore flow, microstates where, locally, soil moisture is large at a location of large macroporosities will produce much larger infiltration rates than if low soil moisture is colocated with large macroporosities. The time invariant patterns of macroporosity are associated with the hillslope soil catena and there is also the effect of the patterns of matric conductivity associated with different soil types. Figure 11 suggests that the uncertainty in flood response for the intermediate, unstable, initial soil moisture conditions is mainly due to differences in the total areas that exhibit preferential flow between different microstates.
Other Factors Controlling Predictability
[51] There are a number of other factors, in addition to the average initial moisture state, that control the effect of uncertainty in the microstate of initial soil moisture on the predictability of hydrologic response. The factors examined in this paper include rainfall intensity, macroporosity and scale.
[52] If we reduce the irrigation intensity at the plot scale from 11 to 2.2 mm h À1 the coefficient of variation between the realizations increases from 0.21 to 0.35 and the scaled range increases from 0.9 to 1.2 (Figure 6 ). If we reduce the average rainfall intensity at the catchment scale from 23 mm h À1 to 11.5 mm h À1 the coefficient of variation increases from 0.08 to 0.25 and the scaled range increases from 0.32 to 1.1 (Figure 8 ). This means that the predictability decreases with decreasing rainfall intensity at both scales. It appears that, as the rainfall forcing decreases in intensity, the role of the nonlinearity increases. This is because lower rainfall intensities are closer to a threshold where surface runoff may or may not be generated while large rainfall intensities will always produce surface runoff. It should be noted that the measure for predictability used here is a relative measure, i.e., the short bromide travel distances and the small flood peaks associated with the small intensities are relatively more uncertain than larger distances and larger flood peaks. When reducing rainfall intensities there is also a shift of the unstable range toward lower average initial soil moistures at the plot scale, and an additional unstable range emerges at low average initial soil moistures at the catchment scale. This, again, is related to the larger sensitivity of runoff response to uncertain initial conditions when rainfall intensity decreases. In the case of the catchment scale, the spatial pattern in matric hydraulic conductivities related to different soils types appears to produce this additional sensitivity at the dry end of initial conditions.
[53] It is interesting that the value of the macroporosity does not change the predictability. Plot-scale simulations performed with macroporosities of one tenth of the observed value produced very similar predictabilities as those with the observed values. This is because the main uncertainty is introduced by the transition between matrix and macropore flow rather than by the flow rate once the macropores have been activated. This is a reflection of the importance of the nonlinearity. However, if only matrix flow is allowed the uncertainty decreases vastly. A hydrologic system with only matrix flow is much more predictable than a system where a transition between matrix and macropore flow may take place.
[54] As simulations at the 1m 2 plot scale and the 3.6 km 2 catchment scale have been performed in this paper we can draw conclusions on the scale dependence of predictability. The response at the plot scale is measured by an analysis of the vertical bromide transport distances of hypothetical irrigation experiments and the response at the catchment scale is measured by an analysis of the flood peak discharge of hypothetical rainfall events, so they are not strictly comparable. However, because of the similarity of flow and transport scales of motion we believe that general remarks on the relative orders of magnitude of the predictabilities are in place. As we go up in scale in the standard cases examined here, the coefficient of variation between the realizations decreases from 0.21 to 0.08 and the scaled range decreases from 0.9 to 0.32 (Figure 6, top, and Figure 8, top) . This means that the predictability increases with scale with maximum absolute errors of 90% and 32% at the plot scale and the catchment scale, respectively. There are a number of considerations in interpreting this scale dependence. As one goes up in scale one would at least part of the variability expect to average out [see, e.g., Blöschl, 1999] . In the catchment-scale model, subgrid variability has been dealt with in a lumped way. Unlike at the plot scale where small-scale heterogeneities resulting from individual macropores were represented in the model, only a single effective value of the macroporosity factor f m has been used in each element of the catchment model. Because of this, one would not expect this small-scale variability to affect catchment-scale response. This is plausible if we adopt a reasoning along the lines of the central limit theorem where aggregation, in general, produces more linear and less variable response [e.g., Sivapalan and Wood, 1986] . The reduced uncertainty may be partly due to less nonlinear behavior at the catchment scale. The central limit theorem, however, applies to independent and identically distributed random variables. Very likely, the underlying soil variability and runoff processes are neither independent nor random, and structured heterogeneity and structured processes may dominate the system response Western et al., 2001] . The analyses did indicate a state-dependent predictability at the catchment scale similar to that at the plot scale (Figure 8 ) and the role of the transition between matrix and macropore flow is quite apparent at the catchment scale when examining contributing areas (Figure 11 ). Part of this threshold effect at the catchment scale is related to the presence of two different soils with contrasting hydraulic characteristics. Different microstates of initial soil moisture may therefore produce significantly different initial soil hydraulic conductivity patterns which determine the amount of infiltration excess runoff that is generated. These analyses suggest that, as one moves from the plot to the catchment scale, part of the small-scale variability averages out but there is also an emerging source of uncertainty that is not present at the plot scale. This idea of variability averaging out and additional sources of variability becoming important when moving up in scale is consistent with the more general discussion of various hydrologic processes of Western et al. [2003, p.135] .
[55] We believe there is an additional, and perhaps more straightforward, interpretation of the increasing predictability with scale found in this paper. The specifications of the macrostates at the plot and catchment scales in this paper are not exactly the same. At the plot scale we specified the macrostate of initial soil moisture by the first two moments of the spatial distribution derived from TDR point measurements. At the catchment scale the description of the soil moisture macrostate is more detailed than that at the plot scale as, in addition to the univariate moments, the values at individual points (through conditioning of the soil moisture realizations) and the variogram are specified. It is possible that the decrease in uncertainty with increasing scale is related to using more detailed information at the larger scale. We have argued that this is a typical setup in a research catchment as, at the plot scale, disturbances of the soil by the measurements are more problematic than at the catchment scale. As we go up in scale, often, more data will be available which may decrease the uncertainty and hence increase the predictability. It would be interesting to repeat the catchment-scale analyses of this paper and specify the first and second univariate moments only to examine whether the level of detail of the macrostate descriptions affects the predictability.
Implications for Process Studies and Modeling
[56] In this study we have put a lot of effort in realistically portraying the processes in the Weiherbach catchment in the CATFLOW model by using fairly detailed measurements at various scales. This gives us some confidence that the model does reflect the important infiltration and runoff processes at both the plot and catchment scales in a realistic way. We therefore can interpret the realizations of the Monte Carlo simulations as repeated plot-scale and catchmentscale experiments. All of these repeated experiments are identical in their macrostate of initial soil moisture as defined by what we can typically measure in a research catchment but they differ in their microstate of fine-scale soil moisture variability not captured by the monitoring network. As all these microstates belong to the same macrostate of initial soil moisture they may not be distinguished by the measurement strategy used in the field. The simulations have indicated that the response will indeed not be unique if the average initial state approaches a threshold, i.e., if nonlinearity becomes important for the system response. As a consequence, for apparently identical experimental conditions preferential flow may or may not occur, solute transport depths can vary by more than 90% and flood peaks can vary by more than 30%. These limits to predictability provide a suitable explanation for apparently inconsistent experimental results such as the tracer breakthrough velocities of Lischeid et al. [2000] that varied between 30.6 and 10.6 m d À1 for identical experimental conditions. By the same token, observed runoff response at the catchment scale is often difficult to interpret in a unique way. We believe, again, that part of this difficulty stems from the intrinsic limits to predictability given a typical set of measurements. Of course, the additional difficulty at the catchment scale is that the rainfall forcing can not usually be controlled.
[57] One would generally hope that a detailed set of field measurements would constrain the system state enough to give unique results when used for hydrologic modeling but the results of this paper suggest that this is not necessarily the case. These limits to obtaining unique relationships in experiments and observations have direct implications for model representations. Beven [2000, p. 211] notes that ''field process studies are by their nature unique in both space and time; they cannot be repeated under exactly the same boundary and initial conditions,'' and he goes on to discuss the implications for modeling. One of the implications is the need to resort to calibration strategies to make models work and this is true at various scales [Beven, 1989; Grayson et al., 1992] . It is clear that if one calibrates parameters to compensate for the real uncertainty in the microstate of initial conditions this is likely a ''quick fix'' which may jeopardize the realism of the model. Obviously, a much better strategy would be to allow for the uncertainty in the initial microstate rather than to seek a best fit of the model to the one realization of hydrologic response available. The soil moisture data used in this paper have been fairly detailed (50 and 61 measurement points at the plot and catchment scales, respectively). With a few exceptions [e.g., Western and Grayson, 1998 ] the number of monitoring sites will be much lower in most hydrologic studies. This means that the predictability will be lower than what has been obtained in this paper. Also, we considered a single source of uncertainty only, i.e., the initial conditions, assuming a perfect representation of the governing processes (in terms of model structure and model parameters) and assuming errors in the forcing to be small. It is clear that these additional sources of uncertainty will degrade the predictability beyond the results of this paper.
[58] We have adopted the concepts of microstates and macrostates from statistical mechanics and think these are powerful concepts to analyze the role of measurements in modeling or, more generally, in representing reality. There is, however, an important distinction between hydrology and standard statistical mechanics. The latter deal with large aggregates that can be aggregated by statistical methods while hydrology usually deals with what Weinberg [1975] terms intermediate systems that cannot be aggregated easily because of their intermediate number of degrees of freedom and their complexity (see the discussion of Dooge [1986] ). The manifestation of these two characteristics at the plot and catchment scales is the nonlinearity of hydrologic system response and the presence of organized, nonrandom variability. In this paper we have used a deterministic numerical model to examine the aggregation and error propagation effects but a more elegant approach would involve an analytical study of the limits to predictability imposed by uncertain microstates. Because of the characteristics of intermediate systems this will not be easy.
[59] The processes studied here involving a switch between matrix and macropore regimes and the threshold nature of infiltration excess runoff generation, are one particular subset of threshold processes. We believe that the results of the limits to predictability are more generally applicable to hydrologic nonlinear processes. Similar patterns of predictability can probably be expected for other threshold processes, or more generally, nonlinear processes in hydrology at various spatial and temporal scales. One example in the Weiherbach catchment is a feedback mechanism between physical and biological processes. Earthworm activity controls the dynamics of subsurface flow processes and hence soil moisture through the generation of macropores. Conversely, soil moisture controls the macropore location to some degree because of the earthworms' preference for wetter parts of the catchment. This feedback mechanism is likely to produce some very interesting nonlinearities. Numerous other feedback mechanisms, nonlinearities and threshold processes exist in hydrology which are likely to translate into domains of high and low predictability. As NRC [2003, p. 21] noted, among the key unresolved issues and research challenges in hydrology is ''separating the predictable and the unpredictable''. This paper is an initial contribution to identifying the boundaries of predictable and unpredictable domains in one particular setting and it is hoped that future research will shed more light on the patterns of predictability in more generic hydrologic contexts.
